Abstract-Health-related quality of life (HR-QoL) is a subjective concept, reflecting the overall mental and physical state of the patient, and their own sense of well-being. Estimating current and future QoL has become a major outcome in the evaluation of critically ill patients. The aim of this study is to enhance the inference process of 6 weeks and 6 months prognosis of QoL after intensive care unit (ICU) stay, using the EQ-5D questionnaire. The main outcomes of the study were the EQ-5D five main dimensions: mobility, self-care, usual activities, pain and anxiety/depression. For each outcome, three Bayesian classifiers were built and validated with 10-fold cross-validation. Sixty and 473 patients (6 weeks and 6 months, respectively) were included. Overall, 6 months QoL is higher than 6 weeks, with the probability of absence of problems ranging from 31% (6 weeks mobility) to 72% (6 months self-care). Bayesian models achieved prognosis accuracies of 56% (6 months, anxiety/depression) up to 80% (6 weeks, mobility). The prognosis inference process for an individual patient was enhanced with the visual analysis of the models, showing that women, elderly, or people with longer ICU stay have higher risk of QoL problems at 6 weeks. Likewise, for the 6 months prognosis, a higher APACHE II severity score also leads to a higher risk of problems, except for anxiety/depression where the youngest and active have increased risk. Bayesian networks are competitive with less descriptive strategies, improve the inference process by incorporating domain knowledge and present a more interpretable model. The relationships among different factors extracted by the Bayesian models are in accordance with those collected by previous state-of-the-art literature, hence showing their usability as inference model.
INTRODUCTION
This study was built on two main concepts: health-related quality of life after critical illness, and Bayesian inference for outcome prognosis.
A. Health-related quality of life after critical illness
During the past decade, health related quality of life (HRQoL) has emerged as an important outcome in clinical research, and decision making in critical care patients has become highly influenced by the appreciation of patients' future HR-QoL. In critically ill patients, prolonging life could result in a health outcome that may be considered worse than death [1] . In this setting, the ideal outcome for the patient is to return to their pre-existing state or that expected for a person of the same age and medical condition [2] . The interest in patients' perspectives in the evaluation of health care has led to the development of numerous measures. Measures of outcome have thus changed from objective measures toward subjective measures of functional status and HR-QoL, with data directly collected from patients [2] .
HR-QoL can be conceived as a subjective concept, primarily reflecting individual patient attitude. Measuring HRQoL is in essence evaluating the health state of individuals, both mental and physical, together with their own sense of well-being [3] . HR-QoL is more complex to record and analyze than survival or other objective measures due to a number of reasons: first, the timing of data collection from critically ill patients; then the choice of particular dimensions to be included; difficulties in consensus over the instrument to be used; and finally, the interpretation of the results [4, 5] . EQ-5D has been recommended as one of the questionnaires suitable to apply to critical care survivors for measuring quality of life [6] , and has been validated in critically ill patients [7] . It is a simple questionnaire, of easy comprehension and quick answers. The EQ-5D comprises two parts: a self-reported description of health problems according to five dimensions: mobility, self-care, usual activities, pain/discomfort and anxiety/depression; and the EQ-VAS, a self-rated health status using a visual analogue scale (VAS), to record perceptions of the current overall health state [8, 6] .
B. Bayesian networks for decision support
The definition of clinical decision support systems is now a major topic since it may help the diagnosis, the prognosis of mortality, the prognosis of quality of life, or even therapeutic options. However, the complicated nature of real-world biomedical data has made it necessary to look beyond traditional biostatistics [9] without losing the necessary formality. For example, naive Bayesian approaches are closely related to logistic regression [10] . Traditional statistical methods require that the model structure is given and only probabilistic information is learned from biomedical evidence, in the form of data, whereas machine-learning approaches enable that both the structure of the models and the probabilistic information are evidence-based [11, 12] . Bayesian statistical methods allow taking into account prior knowledge when analyzing data, turning the data analysis into a process of updating that prior knowledge with biomedical and health-care evidence [12] , which offers a general and versatile approach to capturing and reasoning with uncertainty in medicine and health care [9] . Bayesian networks can be seen as an alternative to logistic regression where statistical dependence and independence are not hidden in approximating weights, rather explicitly represented by links in a network of variables [12] . On a general basis, a Bayesian network represents a joint distribution of one set of variables, specifying the assumption of independence between them, with the inter-dependence between variables being represented by a directed acyclic graph. The next step is how to calculate the new probabilities when new evidence is introduced in the network. This process is called inference and works as follows. Each variable has a finite number of categories greater than or equal to two. A node is observed when there is knowledge about the state of that variable. With the joint probabilities we can calculate the marginal probabilities of each unobserved variable [9] .
C. Bayesian networks in intensive care
Given their improved management of uncertainties, Bayesian networks have been successfully applied in healthcare domains [9] , namely in different scenarios of intensive care [10] . Sakellaropoulos and Nikiforidis [13] developed in 2000 a system based on Bayesian belief networks for prognosis at 24 hours of head-injured patients. The performance of a Bayesian network was compared to other systems, including a simple belief network, and a human expert (neurosurgeon). The authors concluded that the performance of the developed expert system is not different from that of the neurosurgeon (expert) and was better than a simple belief network, suggesting that the system can be helpful for the prognostic performance of non-neurosurgeon intensive care unit (ICU) clinicians. Later on, Sierra et al [14] developed a bilevel multi-classifier using Bayesian networks for predicting the survival of ICU patients. The authors concluded that their approach outperformed traditional machine learning methods in the studied problem. To help in the diagnosis of ventilatorassociated pneumonia (VAP), Schurink et al. [15] developed a decision support system based on Bayesian networks. This study compared the Bayesian network system' s diagnosis of VAP with the reference diagnosis for each patient considered; the system's performance was good and the authors concluded that this system might become a useful tool to assist physicians in the ICU. Celi et al. [16] used a Bayesian network to predict fluid requirements in the ICU on day 2, given the physiological data from the previous 24 hours, developing a system that works as complementary knowledge to help the clinician. In 2009, Crump et al. [17] used vital sign data streams and known outcomes to train a Bayesian network and create the timesseries models, complemented by a rule-based trending, in order to predict patients status in the ICU. The main advantages of the system were the improvement in the monitoring of ICU patients, given the ability to provide high-sensitivity alerts, fewer false alarms, and earlier interventions, thus enhancing the possibility to assist clinicians in their daily practice.
D. Bayesian network inference of HR-QoL
Bayesian networks have become even more popular in health care due to their ability to deal with uncertain knowledge [11, 10] . The measurement of quality of life is embedded in the same uncertainty as as other measurement in health, diagnosis, treatment or even mortality. That is why a Bayesian approach could be helpful since it controls the complexity of the model and gives us graphical representations that can be easily understood. This study aims to enhance the prognosis inference process of quality of life after ICU stay, by means of a probabilistic graphical model. For this purpose, we developed and tested several Bayesian network models which were then critically evaluated by an expert clinician.
II. MATERIALS AND METHODS
All patients admitted in ICU of an urban hospital were considered for inclusion. After ICU stay, survivors went to a follow-up consultation where EQ-5D was applied. Given the change in the ICU follow-up protocol that occurred in that hospital, two independent samples were considered in different points of time: 503 (out of 1282 patients admitted between 1997 and 2001) had a 6 months follow-up and were retrospectively collected, and 60 (out of 560 admitted during 2005) had a 6 weeks follow-up and were prospectively collected. Since there was no 6 weeks follow-up prior to 2005, and most patients included during 2005 were lost to follow-up at 6 months, no paired comparison was possible. All patients participated in the follow-up study voluntarily. Hospital Pedro Hispano Ethics Committee approved this study. The methodology described in this section has been supervised by an intensivist clinical expert.
A. Studied variables and outcomes
Data collection included patient-related background variables (age, gender, main activity and previous health state), ICU-related variables (admission diagnostic categories, APACHE II, Glasgow coma scale, and length of ICU stay -ICU LOS); and EQ-5D-related variables (mobility, self-care, usual activities, pain, anxiety/depression). The main outcomes of this study are the EQ-5D five main dimensions. Continuous variables, such as age, length of stay (LOS) and APACHE II, were discretized using clinical expert-supervised intervals. Outcome variables were also dichotomized on patients without and with problems, disregarding the severity of those problems. Clinically-judged highly correlated variables were also excluded from the study, such as the existence of sepsis on admission, the occurrence of sepsis after admission, and acute respiratory distress syndrome (ARDS) since this information was already considered in the diagnosis variable.
B. Model building
Bayesian networks were learned using the ELVIRA software [18] , for each of the five EQ-5D dimensions, for each of the two periods in analysis. For each of the ten classification problems, three structures were learned corresponding to the application of Naive Bayes [19] , TAN [20] and a 2-DBC [21] , which differ on the number of conditional dependence allowed among variables (NB: zero dependences, the baseline; TAN: one dependence, baseline extension; and 2-DBC: two dependences, complex network), in order to enable the expert clinician with a wide range of different structures from which to choose. At this point, one of the most important tasks was to give a formal mean of assessing the representativeness of the model towards the real problem, so interaction with the clinical expert was initiated. The expert clinician had the possibility to analyze, evaluate and modify the learned structures in order to reflect the domain knowledge more accurately, according to his own opinion and experience, mostly by targeting artifact relationships which should not be considered. Finally, to assess the generalized accuracy of the learned models, 10-fold crossvalidation was used.
III. RESULTS
First, we present patient characteristics and the prevalence of problems regarding HR-QoL critical illness. After, we present accuracy comparison among different types of Bayesian networks for each prognosis horizon.
A. Patients characteristics
The main characteristics of patients for both groups (6 weeks and 6 months follow-up) are shown in Table I . Patients report more problems at 6 weeks than at 6 months, compatible with what was described by Dowdy et al. [22] . There is an improvement of the HR-QoL with time but this increase is not uniform across dimensions. In the mobility dimension, the percentage of patients with no problems at 6 weeks was 31%, going up to 67% at 6 months. In self-care at 6 weeks 52% (the highest value reported at 6 weeks over all dimensions) of patients had no problems, with this value going up to 72% at 6 months. In usual activities 23% of the patients reported no problems at 6 weeks, increasing to 50% at 6 months. As for pain/discomfort dimension, 39% of patients report no problems at 6 weeks, although this value grows up to 56% at 6 months. Finally, for anxiety/depression, at 6 weeks only 34% of the patients reported no problems, going up to 47% at 6 months. It can be observed that the dimension with higher improvement from 6 weeks to 6 months after ICU stay was mobility which rose 36%. The dimension which presented the lowest improvement was anxiety/depression, growing 13%. These differences between physical and mental dimensions had already been enunciated in previous works, using diverse methodologies, which reported concordant results [6, 22] .
B. Bayesian network model comparison
Results from the 10-fold cross validation for all the models are presented in Figure 1 In some dimensions, TAN is significantly better than NB, while being never significantly worse than 2-DBC. Moreover, the networks created by TAN were found to better represent the domain knowledge as perceived by the expert clinician. Hence, in order to combine model accuracy and interpretability with the expert's opinion, the chosen model was the Tree Augmented Naive Bayes. As an example, Figures 3 and 4 present the learned network for the 6-weeks and 6-months mobility prognosis, respectively. Given this, from the chosen networks (TAN) for each prognosis problem, we can inspect the main characteristics of patients reporting less problems.
C. Patients with better HR-QoL 6 weeks after ICU stay
Concerning the mobility dimension, male patients, younger, or patients without cancer have higher probability of not having problems. In the same way, for the self-care dimension, male patients, younger, or with lower ICU LOS have higher probability of not having problems. Moreover, the probability of not having problems is also higher in patients with lower APACHE II. Relatively to usual activities, we observed the same characteristics encountered for the self-care dimension. Moreover, in this dimension, retired patients have also higher probability of not having problems. For the pain/discomfort dimension, also male patients, patients with less ICU LOS, or patients without cancer have higher probability of not having problems. Finally, for the anxiety/depression dimension a higher probability of not having problems is reported in male patients, with less ICU LOS or with lower APACHE II. 
D. Patients with better HR-QoL 6 months after ICU stay
For mobility, male patients, younger, with lower ICU LOS and those who were previously healthy have a higher probability of not having problems. Moreover, patients who were admitted for scheduled surgery or by medical reasons, or employed have also a higher probability of not having problems. Focusing on the self-care dimension, the patients who have a higher probability of not having problems are men, younger, with lower ICU LOS, scheduled surgery or the ones who had progressed studies longer than minimum education. Querying usual activities dimension, younger patients, or with lower ICU LOS have a higher probability of not having problems, as well as patients who were admitted by medical reasons or who had progressed studies longer than minimum education. For the pain/discomfort dimension, male patients, younger, with lower ICU LOS, lower APACHE II, admitted by non-scheduled surgery or medical reasons, or those who were previously healthy have a higher probability of not having problems. Concerning the anxiety/depression dimension, male patients, elder ones, patients without cancer, lower APACHE II, admitted by non-scheduled surgery or medical reasons, or retired patients have higher probability of not having problems.
E. Inference example
To better assess the enhancement achieved by our approach to the prognosis process, each structure is used to perform the 6 weeks or 6 months prognosis of the quality of life for a given patient. A new patient arrives at ICU and the physician, assuming that the patient will survive, wants to have an indication of the quality of life this patient will report 6 weeks and 6 months after is stay in the unit. Characteristics of the patient: sixty-one years old man, former smoker, with disabling disease, with pneumonia diagnosis, admitted by medical reasons and having an APACHE II value of 22 at the time of admission. One can inspect the Bayesian networks learned for the whole data, though separately for each dimension, introducing the evidence information in the network.
In Figure 5 , structured inference for the prognosis at 6 weeks (left) and 6 months (right) is presented for the (exemplar) mobility dimension (other dimensions not shown for sake of readability): the admitted patient has a probability of 15% of not having problems at 6 weeks, going up to 79% at 6 months. Concerning self-care, the same patient has 25% probability of not having problems at 6 weeks, increasing to 82% for the 6 months prognosis. Concerning usual activities, the patient has 48% probability of not having problems at 6 weeks, increasing to 67% for the 6 months prognosis. Concerning pain/discomfort, the patient has 47% probability of not having problems at 6 weeks, increasing to 91% for the 6 months prognosis. Concerning anxiety/depression, the patient has 41% probability of not having problems at 6 weeks, decreasing to 31% for the 6 months prognosis.
IV. DISCUSSION
This study presents four main findings. First, patients report more problems concerning their HR-QoL at 6 weeks than at 6 months. That is, HR-QoL improves with time after ICU stay, though not uniformly across different dimensions. This finding is consistent with several reports which have been analyzed in a systematic review by Dowdy et al. [22] . Second, factors that influence the HR-QoL of patients admitted in ICU are also identified, the most frequent being age, gender, length of ICU stay, previous health state, educations and APACHE II. Third, Bayesian networks present competitive performance, comparing with other less descriptive models like logistic regression proposed elsewhere in literature. Fourth, generated models expose relationships among variables which are concordant with previous works [6, 22, 23] : for the 6 weeks prognosis, the youngest and those who had a lower APACHE II have a lower risk of QoL problems; for the 6 months prognosis, with exception for anxiety/depression, the male patients, the younger, those with lower ICU LOS, or low APACHE II have a lower risk of QoL problems. For anxiety/depression, the oldest and retired patients are the ones with a lower risk of QoL problems. A more complex model, including all EQ-5D dimensions, could have been derived but the reduced number of patients included in the study would turn this an extremely hard task.
The main contribution of this work is the development of graphical representation models of uncertain knowledge existent in the characterization of QoL after ICU stay. This representational strategy allows an easy visualization of the model, reinforcing the experts with the possibility of a supported decision, not only by risk factors or discriminating cut points, but mostly supported in the interdependences of studied variables and their causality with evaluated dimensions. Models capturing these processes and methods for using these models are thus called for to support decision making in real-life practice [9] . This study has four main limitations. First, data on HR-QoL before intensive care for each patient is not available. This fact prevents the study of real impact of stay in the ICU. Second, the reduced amount of data at 6 weeks is too restrictive and, thus, decrease accuracy of change of quality of life from 6 weeks to 6 months after ICU stay. Third, no paired comparison was possible between 6 weeks and 6 months which may have biased the comparison due to possible confounding factors. Finally, only one expert clinician was consulted in the study, which might reduce the generalizability of the results.
V. CONCLUSIONS
This study developed probabilistic graphical models to represent the uncertain knowledge regarding HR-QoL after critical illness. The networks enhance the prognosis of HRQoL, 6 weeks and 6 months after ICU stay, supporting the clinicians' decision with the visualization of the interdependences among different factors. It adds to critical care knowledge by contributing to the prognosis of the HRQoL after critical illness, presenting an inference tool to support the clinicians in their daily practice.
